Introduction
Real credit growth fluctuates over time, following a boom-bust pattern. There is a strand of the literature that has found evidence about the cyclical pattern of credit. For example, Schularick and Taylor (2009) suggest the existence of boom-bust episodes for the credit cycle, arguing that credit growth contains valuable information about the likelihood of future financial crises.
Several empirical studies have centered on the identification of changes in bank credit allocation and episodes of severe restrictions in bank lending, sometimes called "credit crunches," that coincide with banking crisis episodes. This strand of the literature is mostly based on case studies and econometric analysis are few. In this context, we propose a nonlinear model for the evolution of real credit growth as an attempt to achieve an objective identification of credit cycle dynamics. The main target of this paper is to describe credit cycles and identify phases of particularly low (or negative) credit growth such as those that typically accompany financial crises.
We model the evolution of the quarterly growth rate of real bank credit to the private sector as a Markov-switching process using the methodology proposed by Hamilton (1989) for a sample that includes the countries that the OECD describes as G10 plus Spain over the period 1960:I-2010:I. G10 countries in the OECD grouping are Belgium, Canada, France, Germany, Italy, Japan, Netherlands, Sweden, Switzerland, United Kingdom and United States. In particular, credit dynamics are modeled as a combination of a country-specific component and a cyclical component following the multi-country approach proposed by Ceron and Suarez (2006) . In this study we focus on the evolution of the cyclical component by specifying the non-linear structure over the standardized series of real credit growth. There are two advantages of using this multi-country approach: it provides a broad view of the situation of credit for these developed economies, and it helps to increase the reliability of the estimates for the parameters of the model (specially when the time series dimension of the panel may be too short, and the number of switches too small, compared to the average duration of credit phases 1 ).
First, we propose the estimation of the model with two latent states in which the expected duration of credit crises as defined by this model and the mean growth rates obtained suggest 1 Estimation results evidence that the expected duration of each cyclical phase tends to last more than two years.
6 that the pattern that this model captures is more related to rather long phases of high and lows in real credit growth more that credit booms and busts. Following this reasoning, we consider the estimation of a restricted version of the model with two states, in which we impose the value of the mean growth rate for the credit crisis state in the estimation. This exercise represents an intermediate stage prior to the estimation of the model with three states, which is our preferred specification of the model. Finally, in order to filter out the effect of GDP growth on the credit cycle, we consider the estimation of the models with two and three states including lagged GDP growth as an explanatory variable for the mean growth rate of real credit growth.
After considering this range of models, we find that the credit cycle can be best described through a three-state Markov-switching model in which, as a matter of convention, s it = 1 identifies a "credit expansion" state, s it = 2 an "intermediate growth" state, and s it = 3 a "credit crisis" state. Credit crisis phases have a mean growth rate of −121.2% of one standard deviation of the original series and they are found to be the least persistent state, with an expected duration of 7.4 quarters and an unconditional probability of 18.1%. Credit expansion phases have a mean growth rate of 80.8% and they last around 13.0 quarters with an unconditional probability of 37.1%. Intermediate growth phases have a mean growth rate of −18.5% of one standard deviation of the original series with and expected duration of 7.4 quarters and a frequency of 44.8%.
With respect to the enlarged version of these models, that is, the one in which lagged GDP growth is included as an explanatory variable for the mean of real credit growth, the effect of this variable reflects a positive but quantitatively small effect of the evolution of real economic activity (as measured by GDP growth) on the developments in bank credit to the private sector. 2 The preferred version of the model identifies six of the countries as having experienced a credit crisis episode after the beginning of the financial crisis in 2007 (Canada, Germany, Netherlands, Spain, Switzerland and US). By the end of the sample period, three of these countries were still in a credit crisis episode (Germany and Spain in 2010:I; and United States in 2009:IV) .
Comparisons between the evolution of the smoothed probability of being in a credit crisis and the credit standards required by commercial banks suggest that the latter lead the credit cycle for the case of the United States (and also for the case of the Euro Area, although the result is much less definitive due to the heterogeneity present among euro area countries). This coincides with the results found with other methodologies (e.g., Lown and Morgan, 2006) about the validity of credit standard surveys as a form of leading indicators for the credit cycle.
Our proposal helps to clarify the analysis of the situation of credit at the international level, since we are able to study the evolution of the probabilities of being in a credit crisis for all of the countries in our sample as a by-product of the estimation. We propose the construction of a synthetic indicator of global credit stance that can be interpreted as a measure of the evolution of the credit cycle in the advanced economies. Figure 1 plots the evolution of the average of the quarterly growth rate of real bank credit to the private sector (BCPS) for the countries considered in the study (left axis) and, anticipating the results shown below, the proposed synthetic indicator of global credit stance (right axis). 3 Looking at the raw data one can realize that there is a cyclical pattern in bank lending, however it is difficult to determine exactly what are the turning points since it sometimes shows a volatile behavior and periods of synchronized credit crisis among these countries. Our indicator includes information of the probability of being in a credit crisis for all the countries in our sample, and signals five episodes of global restrictions in bank lending over the last forty years: 1974-76, 1979-84, 1989-94, 2001-02, and from 2008 until the end of the period.
The rest of the paper is organized as follows. Section 2 presents a review of the literature, both from an empirical and from a theoretical perspective. Section 3 describes the data and the methodology used in the empirical exercise. Section 4 presents the estimation results of the proposed models for real credit growth and an analysis of these results at the country-level.
Section 5 contains an application of the results obtained from the estimation of our preferred specification. Section 6 concludes. 
Literature Review
Several empirical studies have centered on the identification of periods of credit crisis that coincide with banking crisis episodes. Most of these works consist of case studies that are based on the evolution of variables related to developments in the financial sector and economic activity, giving rise to a set of banking crisis databases. Laeven et al. (2007) represents an example of this approach: They propose a database that covers the universe of systemic banking crises for the period 1970-2007 (extending the database provided by Caprio et al, 2005) . Systemic banking crises are identified under some requirements that combine quantitative data with some subjective assessment of the situation. Bordo et al. (2001) provide a database of financial, currency and banking crises. They consider that an episode qualifies as a banking crisis when they observe financial distress resulting in the erosion of most or all aggregate banking system capital. This criterion is the same as the one followed by Carpio and Klingebiel (2003) , who propose a survey of episodes of systemic and borderline financial crises for 93 countries. Rogoff (2008a, 2008b) provide a comprehensive database of banking crises for high and middle-to-low income countries. Banking crises are identified through the analysis of events, marking a crisis episode whenever: (1) bank runs lead to the closure, merging, or takeover by the public sector of one or more financial institutions; and (2) the closure, merging, takeover, or large-scale government assistance of an important financial institution that marks the start of a string of similar outcomes for other financial institutions.
Another strand of the literature has centered on the analysis of the developments in the financial and banking sector prior and during credit crisis episodes. These studies have found a link between rapid credit growth and banking system fragility. For example, Kaminsky and Reinhart (1999) analyze episodes of banking and currency crises following the evolution of a set of macroeconomic indicators. They find that the growth rate of bank credit to the private sector accelerates as banking crises approach, remaining above the growth rate recorded in tranquil times. This finding is indicative of how bank credit can signal the upcoming of a crisis episode evolving as a leading indicator. Nevertheless, it is important to be aware of the fact that not Regarding to the theoretical literature, some authors have proposed theoretical models as an attempt to explain the mechanisms that generate fluctuations in bank credit growth. Gorton and He (2005) support that credit cycles or periodic "credit crunches" are a result of changes in bank beliefs based on public information. Banks compete with each other relative to the credit standards that they apply and private information about prospective borrowers produced by a bank can affect rival lenders due to a"winner's curse" effect. Some studies propose the existence of a link between the credit cycle and banking crises. Most of these models incorporate the "financial accelerator" as a common explanation of this linkage (Bernanke and Gertler, 1989 and 1990 , or Kiyotaki and Moore, 1997 . Inflated collateral values lead to a relaxation in the borrower's credit constraint and contribute to excessively rapid credit growth. When business conditions worsen, borrowers' net worth gets reduced, while increases agency costs for the banks.
As the worthiness of borrowers gets reduced fewer loans are made, generating a credit crunch that leads to a contraction in investment with negative effects on the real economy. There are also some proposals that link the credit cycle with the business cycle (which ultimately has consequences on the evolution of the banking sector). Rajan (1994) provides a theory of fluctuations in bank policies, arguing that rational bank managers with short horizons will set credit policies that influence and are influenced by other banks and demand side conditions. These fluctuations affect the evolution of credit, leading to a theory of low frequency business cycles driven by bank credit policies. 4
Data and methodology
The main goal of this paper is to describe credit cycles and identify phases of particularly low (or negative) growth such as those that typically accompany financial or banking crises. We model the evolution of the quarterly growth rate of real bank credit to the private sector as a Markov-switching process using the methodology proposed by Hamilton (1989) , considering an unbalanced panel of twelve advanced countries (those in the OECD G10 group plus Spain), over the period 1960:I-2010:I.
In this section we first present a brief description of the data used in the empirical exercise.
Then, we present the basic Markov-switching autoregressive model for the standardized series of real credit growth, with which we intend to capture the evolution of the cyclical component of the dynamics of credit. We also present the specification of an enlarged version of the basic model, in which the mean of the process is also explained by the evolution of lagged GDP growth.
This specification implies a new definition of the credit cycle, as the basis of which we extract the effect of the business cycle on swings in bank lending.
The Data
We use quarterly data for a sample that includes those countries belonging to the OECD G10 countries plus Spain (G10 countries in the OECD grouping are Belgium, Canada, France, Ger-many, Italy, Japan, Netherlands, Sweden, Switzerland, United Kingdom and United States), for the period 1960:I-2010:I from the International Financial Statistics (IFS) of the International Monetary Fund (IMF). Our variable of interest is the quarterly growth rate of real bank credit to the private sector, constructed using data on net credit extended by the banking sector to non-financial corporations, households, and non-profit institutions deflated by the GDP deflator. Real output growth is also used in some specifications of the model and it is defined as the quarterly growth rate of real GDP, obtained from the quarterly country series of the OECD Economic Outlook. 
Methodology

The basic Markov-switching autoregressive model
We assume that the basic autoregressive Markov-switching model (MS-AR) that describes the evolution of real bank credit to the private sector (real credit growth henceforth), ∆c it , at the country level can be specified as:
where φ is an autoregressive coefficient, µ(·) is a state-contingent mean, σ 2 i is the variance of the residuals, and s it is the latent variable describing the state of the economy in country i = 1, ..., N at period t = 1, ..., T . This variable is assumed to follow a Markov chain {s it } T t=1 with S latent states, s it 1, ..., S, and transition probabilities, p kj , defined as:
for j = 1, ..., S. In the analysis below, we will explore specifications of this basic model in which the latent state variable displays two (S = 2) and three states (S = 3).
We adopt a multi-country estimation approach following the strategy proposed by Ceron and Suarez (2006) . The reason for this strategy is that there might be reliability problems with the estimates that are obtained using data for a single country, especially when the phases of the cycle that one is considering are long and the number of switches between states within the time series considered may be too small. However, the existence of unobserved heterogeneity between the economies and banking sectors of these countries may generate an identification problem, since the evolution of the latent state variable may capture permanent differences in real credit growth more than movements related to changes in regime. The proposed methodology addresses this identification problem by modeling the dynamics of our variable of interest as a 13 combination of a country-specific component, which is intended to capture unobservable crosscountry heterogeneity, and a cyclical component, which could be modeled as a Markov-switching process with parameters common to all the countries.
In particular, we assume that the state contingent mean of the process is described as follows:
where α i and σ 2 i are identified as the unconditional mean and variance of real credit growth (which are country-specific and intended to capture unobserved heterogeneity) by assuming that the expectation of the cyclical component equals zero, that is:
Provided that the model presented in (1) coincides with the true data generating process for real credit growth, and assuming that (2) and (3) hold, permanent unobserved heterogeneity may be controlled by using the standardized transformation, ∆d it , of real credit growth, ∆c it , in the estimation of the Markov process for the cyclical part:
We could also rewrite the specification of the basic model as follows:
where the parameters of the MS process are assumed to be the same for all the standardized series, so that the transition probabilities are the same for all countries (p ij = p j ). It should be remarked that each country's latent state variable is treated as an independent realization of the same Markov-switching process, so that we are able to study the evolution of the probabilities of being in a given state over time for each of the countries.
Under these assumptions, the parameters of the model are estimated by adapting the estimation method proposed by Hamilton (1989) by considering as our objective function the sum of the likelihoods of the countries in our sample. The sample counterpart of the unconditional country-specific moments is used in order to obtain the standardized series. Here we proceed as if the number of observations was large enough in order to avoid bias problems related to the presence of serial correlation in the data.
The period that we consider is large enough to contain some events related to structural changes in the historical evolution of real credit. Non-linear models tend to capture these movements as corner solutions in the estimation of the process. In a country-by-country approach, these changes may obscure the identification of periods related to credit crises. We conjecture that, by imposing the same Markov-switching structure on the cyclical component of all of the countries, the latent state variable is less likely to capture structural changes, given that these shifts tend to be less recursive than the phases related to real credit growth (Table A1 included in the Appendix contains descriptive statistics of real credit growth for several decades; they do not show remarkable changes in the mean growth rates of real credit growth for the different subperiods).
The enlarged version of the MS-AR model
In addition to our basic model, we also consider a specification in which (one-period lagged) real GDP growth affects the conditional mean of the credit growth's process:
where
and the specification of it remains unchanged. In fact, this specification implies an alternative definition of the credit cycle, in which cyclical shifts in the evolution of real credit growth captured by the non-linear MS-AR structure are those not linearly "explained" by shifts in the business cycle as captured by lagged GDP growth.
Estimation results
In this section, we report the results obtained from the estimation of the different specifications of the Markov-switching model presented in Section 2.2 for the standardized series of real credit growth, ∆d it . First, we explain the criterium used to select our preferred specification of the model and comment on the parameter estimates obtained. Then, we explore the implications of the results for the country-level cyclicality analyzing the evolution of real credit growth through the probabilities of being in each of the possible states (obtained as a by-product of the estimation), and the implied conditional moments for the original country series. Finally, we briefly analyze the relationship of the bank credit cycle and the business cycle for the case of US as an illustration. Table 2 presents a classification of the different models that are considered in this study. First, we focus on those specifications based on the basic MS-AR model specified in (5), which includes data on real credit growth exclusively. Models 1 and 3 refer to the two and three states MS-AR models respectively. Model 2 represents the basic model in which we impose the value of the mean growth rate of the second state. Then we present the results obtained from the enlarged version of the model specified in (6) with two and three latent states. This makes Models 4 and 5, respectively. Table 3 summarizes our estimation results. These models are estimated including data for all the countries in the sample after standardization using the sample counterparts of the unconditional means and variances. The units of measure of the presented estimates are standard deviations of the original country variable, both for the state-contingent means as well as for the standard deviation of the process for the innovations.
Model 1 corresponds to the basic two-state (S = 2) MS-AR model described in (5). The estimation uncovers two states that describe the evolution of real credit growth, which differ in their value for the mean growth rate. The high (low) growth state is described by a mean growth rate, µ(1) (µ(2)), equivalent to 58.6% (−72.1%) of one standard deviation of the original series.
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The autocorrelation parameter φ, which significantly differs from zero, reflects the effect one period ahead of the deviation of the variable ∆d it with respect to the state contingent mean. A unit increase in this deviation has a positive effect on the following quarter, close to 30% of one standard deviation of the original series. The high (low) growth state has an expected duration of 19.2 (16.0) quarters and happens with an unconditional probability of 54.6% (45.4%).
A first view on the estimates obtained from Model 1, especially the expected durations of the states that turn out to be very similar and are above 4 years in both cases, points out that the cycle that it captures is more related to alternating phases of high and low credit growth rather than to periods of normality alternated with periods of abnormal or severe credit crunches, which is the main target of this paper. In order to improve the identification of credit crisis episodes, we conduct an empirical investigation through the estimation of Model 2 in which we restrict the parameter of the low growth mean µ(2) to be equal to −1 standard Model 3 corresponds to the MS-AR model with three states (S = 3) as it is specified in (5). The description of this model is the same as the one presented in (2) where, as a matter of convention, we expect s it = 1 to identify a "credit expansion" state, s it = 2 an "intermediate These estimates show that, once being in a credit crisis and given that the economy does not remain in the same state in the next period, the most likely event is to observe a shift into an intermediate growth episode, 9.5%, rather than into a credit expansion, 4.1%, pointing out the fact that rapid recoveries are not usual in the credit cycle. The same event happens when the banking sector is in a credit expansion, that is, given that it does not remain in a credit expansion phase the banking sector of these economies tend to go into an intermediate growth state (4.5%) rather than into a credit crisis (3.2%).
Model 3 achieves a richer and closer to intuition description of the "credit cycle" since it is able to separately identify periods of high growth, intermediate growth and credit crunch. This version is our preferred univariate specification within the models that just include real credit growth, hence we will use the outcomes obtained from this estimation in order to perform a deeper analysis. Relative to the selection of the number of states, in the context of Markov switching models, the usual tests (Likelihood Ratio, Wald, and Lagrange multiplier) do not have the standard asymptotic distribution because of the presence of nuisance parameters under the null hypothesis. Nevertheless, we should remark that there is an important gain in the likelihood obtained from this specification with respect to the model in which we allow for just two states. The information criterions of Akaike (AIC) and Schwarz (BIC) suggest that there is a large enough increase in the goodness of fit obtained from the estimation of the three-state Markov-switching model compared to the restricted version.
The last two columns correspond to the augmented models that include real output growth as it is specified in (6). These models (Models 4 and 5) are estimated using the standardized series of real GDP growth, thus the units of measure of the estimates should be interpreted as deviations of the original country variable as in the previous cases. It is important to notice that when we include lagged GDP growth as an explanatory variable of the mean growth rate of real credit the latent definition of the "credit cycle" as captured by Markov-switching structure of the model changes. The latent state variable now captures shifts in the evolution of real credit growth after having discounted or filtered out the linear effect of the business cycle as captured by ∆gdp it−1 . The specification in (6) allows the coefficient for ∆gdp it−1 to vary across states, nevertheless the non-reported estimation results confirm that the coefficient for ∆gdp it−1 does not significantly change with the latent state variable in neither Model 4 nor Model 5.
Model 4 stands for the enlarged version of Model 1, that is, the MS-AR model with two states (S = 2) including lagged GDP growth as it is specified in (6). The estimated values
for the state-contingent means of the process, as well as the estimated transition probabilities are similar to the ones obtained in the specification of the model without ∆gdp it−1 . Lagged economic growth has a statistically non significant and quantitatively small positive effect on the mean of real credit growth. The inclusion of this variable in the model with two states seems to have little effect on the estimated non-linear structure for real credit growth.
Model 5 corresponds to the three-state version of the model including lagged GDP growth as an explanatory variable for the mean of the process. The inclusion of ∆gdp it−1 has again a small effect on the estimates obtained. The difference between the estimated values for µ(·)
between Model 3 and Model 5 is relatively small. We should be aware of the fact that in Model 5 the mean growth rate of real credit growth is also determined by lagged GDP growth, but ∆gdp it−1 has zero mean (the model is estimated using the standardized series) so comparisons are still meaningful. We also tried other specifications including different combinations of the lags of ∆gdp i , where the coefficients for these extra variables were not significative.
Since the inclusion of lagged output growth does not improve the identification of credit crisis phases, we will consider the analysis of the results obtained from the estimation of Model 3 henceforth, in which the credit cycle is fully determined by the swings in real credit growth.
Analysis of the results
The estimation of Markov-switching models gives us the opportunity to look at the probabilities of being in each of the states over time and date the different phases of the credit cycle. The dating is based on the selection of the more likely state through a comparison of the "smoothed probabilities" of being in each of them, which are obtained following the procedure described by Hamilton (1989) . We consider that the economy is in state s it = j, (j = 1, 2, 3), whenever:
where T refers to the full sample period, τ < T and Ω T contains the information until the last period. The smoothed probabilities, also called two-sided probabilities, use the evolution of real credit growth from the full sample period to estimate the probability of being in each state for a given quarter, and hence they are more accurate in the dating than the filtered probabilities that use only real time information. Table 4 provides the dating of credit crises episodes for each of the countries in our sample, while Figure 3 shows the evolution of the smoothed probabilities of being in a credit crisis and in a credit expansion phase for each country as determined by Model 3 together with the evolution of the standardized series of real credit growth. Our model identifies various credit crisis phases experienced in the past, which coincide with some of the periods of financial or banking crises that the literature has previously recognized. For example, the credit crises identified for Spain (1977) , Sweden (1991) or Japan (middle 1990s) belong to the Big Five financial crises studied by Reinhart and Rogoff (2008) . Our model also identifies some of the episodes of systemic and non-systemic banking crisis proposed by Honohan and Laeven (2005) , and Laeven et al. (2007) . 1981 :I-1984 :I, 1999 :I-2005 :II. Canada 1962 :IV-1963 :III, 1982 :I-1983 :III, 2007 :I-2008 :II. France 1970 :IV, 1974 :II-1974 :III, 1977 :I-1977 :IV, 1993 :I-1997 :III. Germany 1973 :IV-1975 :III, 2001 :IItaly 1974 :II-1975 :I, 1976 :II-1977 :I, 1977 :IV-1983 :II, 1989 :IV-1990 :I 1993 :I-1996 :I. Japan 1973 :III-1974 :IV, 1996 :IV-1997 :III * , 1998 :I, 1998 :III-2005 :I Netherlands 1969 :I, 1980 :I-1985 :II, 2008 :IV. Spain 1977 :I-1979 :III * , 1983 :IV-1985 :II, 1992 :I-1995 :I, 2009 :IISweden 1985 :I-1985 :II, 1990 :I-1993 :II * , 1994 :IV, 1995 :II-1995 :IV, 1999 :III-1999 :IV. Switzerland 1990 :III-1993 :II, 2000 :III-2000 :IV, 2001 :II-2002 :III, 2008 :I-2008 :IV. UK 1968 :IV-1971 :IV, 1974 :II-1977 :IV, 1979 :III-1980 :I. US 1973 :Iv-1975 :III, 1979 :III-1982 :IV, 1989 :IV-1993 :I, 2008 :II-2008 :III, 2009 :I -
The dating of the credit crisis episodes is based on the smoothed probabilities obtained from Model 3. * denotes the "Big Five" financial crises (Reinhart and Rogoff, 2008a.) Italics type denotes systemic banking crisis episodes Valencia, 2008, and Honohan, Patrick and . proposed by Schularick and Taylor (2009) , who demonstrate that credit growth is a predictor of financial crises and suggest that such crises are"credit booms gone wrong".
Analyzing the evolution of the smoothed probabilities obtained from the estimation of the model, one can observe how the dynamics of credit summarize the developments that usually take place around financial crisis episodes. For example, prior to the Nordic banking crisis, the bank lending sectors of some Nordic countries experienced an important credit boom. Figure   3 plots, among others, the smoothed probabilities of being in a credit crisis and in a credit expansion (right axis), together with the standardized quarterly growth rate of real credit (left axis), for Sweden as an illustration of these developments. The smoothed probability of being in an intermediate growth phase can be trivially inferred as a residual of the two depicted ones:
A period of rapid expansion in bank lending to the private sector is identified by our model which started in 1985:III and ended five years later, in 1990:I, with a credit crunch that coincides with the Nordic banking crisis.
Our model identifies two large economies that have experienced a large recent phase of contraction (or very moderate growth) in bank credit: Germany and Japan. In the case of Germany, one can observe how after five years of credit expansion (1995) (1996) (1997) (1998) (1999) (2000) the banking sector entered into a period of restrictions in bank lending that emanated into a credit crunch. 5
The smoothed probability of being in a credit crisis remains high for Germany basically until the end of the sample period, and hence does not indicate that the country exited from a credit crisis period. In many respects this development is reminiscent of the beginning of the banking crisis in Japan in the early 1990s (Westermann, 2003) . This country experienced a lending boom in the late 1980s in parallel with the asset price bubble that burst in 1991. The effects of the bubble's collapse on bank lending are captured as an intermediate growth phase by our model, followed by a credit crisis that started in 1997 after increased loan losses (charge-offs and provisioning) that led to more bankruptcies in Japan (Nakaso, 2001) . 
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Model 3 presented in There is a close relationship between the evolution of the real economy and developments in the banking sector linked with real credit growth. Four of the recessions in the last 50 years 1973-1975, 1979-1982, 1989-1993, and from 2008 to the end of the sample. Relative to the recessions experienced in early 1970s and in 2001 one can observe that, although the model does not assign the credit crisis state, there is an increase in the probability of being in that state, in fact the model identifies the slowdown in real credit as episodes of intermediate growth.
Relationship between bank credit and the business cycle
In principle, effects can flow from economic conditions to bank lending decisions and viceversa. The recessions of the 1980s and the 1990s started after the beginning of their respective credit crisis, and hence possibly the credit growth slowdown drove the shift in the real economy.
If banks are an important source of funds for consumers and firms, an specific shock that affects bank lending may reduce borrowers' ability to invest or consume, leading to a slowdown in economic activity ("bank lending channel"). On the other hand, we find that, for the recessions experienced in the early 1970s and the current financial crisis, real credit growth displays a lagged behavior with one and two quarters of difference, respectively, compared to the beginning of the recession. In this context, the worsening in business conditions possibly increases the risk of many potential borrowers reducing their creditworthiness and making banks more conservative ("credit risk channel").
Constructing synthetic indicators of global credit stance
In this section we present an application of the results obtained from the estimation of the model.
First, we present a synthetic indicator of the global credit stance that includes information on the evolution of bank lending in each of the advanced economies in our sample. Then, we study the degree of synchronization that exists between these economies and the relationship of our indicators of credit crisis with a variable that reflects the change in credit standards applied by the bank lending sector.
One of the advantages of working with a panel of countries is that we are able to analyze the credit cycle for different regions that include multiple countries simultaneously. We propose the construction of an indicator of the probability of being in a credit crisis for a multiple set of countries as an average of the smoothed probabilities of being in a credit crisis (P (s it = 3|Ω iT ))
obtained from the estimation of Model 3. The proposed indicator is not able to fully capture the degree of synchronization between the credit cycles of these countries. As we remarked in the previous section, maybe the most remarkable consequence of the current financial crisis over the evolution of lending in advanced economies is the synchronization in the slowdown in credit growth, with a joint shift of these economies from periods of expansion into periods of intermediate growth or credit crisis episodes. It may be interesting to link the results to those obtained from bank lending surveys. The use of these surveys has become popular among analysts of bank credit developments. For example, Lown and Morgan (2006) find that credit standards strongly dominate loan rates in explaining variation in business loans. In Figure 7 we plot the evolution of the probability of being in a Euro area countries in our sample: Belgium, France, Germany, Italy, Netherlands and Spain.
We have analyzed the credit cycle for a sample of twelve developed countries over the last fifty years. In our preferred specification, the evolution of the cyclical component of credit dynamics is characterized as a three-state Markov-switching model in the same fashion as Ceron and Suarez (2006) . Under this proposal the estimation method proposed by Hamilton (1989) is adapted in order to take advantage of the joint estimation of the model, assuming that the evolution of the standardized series of real bank credit to the private sector of each country is an independent realization of the same Markov process.
Under this specification, the development of bank credit of a given country can be in either a "credit expansion", an "intermediate growth", or a "credit crisis" phase. Credit crisis phases have a mean growth rate of −121.2% of one standard deviation of the original series and they are found to be the least persistent state, with an expected duration of 7.4 quarters and an unconditional probability of 18.1%. Credit expansion phases have a mean growth rate of 80.8%
and they last around 13.0 quarters with an unconditional probability of 37.1%. Intermediate between the evolution of the smoothed probability of being in a credit crisis and the credit standards required by commercial banks suggest that the latter lead the credit cycle in the case of the United States (and also in the case of the Euro Area, although the result is much less definitive due to the heterogeneity present among euro area countries), which coincides with the results found previously in the literature (Lown and Morgan, 2006) that remark the explanatory power of this variable in the evolution of bank lending.
Relative to the dating obtained, our model identifies more credit crisis episodes than are typically identified with less formal techniques. Our episodes include some periods of financial or banking crises that the literature has previously recognized. For example, we find credit crises for Spain (1977) , Sweden (1991) or Japan (middle 1990s) which belong to the Big Five financial crises studied by Reinhart and Rogoff (2008) . Our model also identifies some of the episodes of systemic and non-systemic banking crisis proposed by Honohan and Laeven (2005) and Laeven et al. (2007) .
This paper has described the evolution of the credit cycle. Once we are able to identify the swings in credit the next step is to understand what are the forces that cause these swings, which is left for future research. Some ways for future research may be the inclusion of time-varying transition probabilities in order to test which variables lead the evolution of the credit cycle, and allow for interdependencies between the dynamics of credit for these economies in the estimation process as a way to describe better the synchronization found in our study. 
